Fault picking is a critical, but a resource intensive tool for seismic interpretation. In a bid to improve fault imaging in seismic data, we have applied a directional Laplacian of a Gaussian (LoG) operator to sharpen fault features within a dissimilarity volume. We compute an M by M matrix of the distance-weighted coherence values that fall within a 3D analysis window about each voxel. The eigenvectors of this matrix define the orientation of planar discontinuities while the corresponding eigenvalues determine whether these discontinuities are significant. If a plane is detected, the eigenvectors define a natural coordinate system for smoothing. We rotate the data to the new coordinate system and apply the sharpening operator. We find that our proposed algorithm improves the faults image by sharpening such features and suppressing some of the noise within. The reliability and robustness of the technique is tested on real data from New Zealand.
Introduction
Fault image enhancement remains a pivotal objective in 3D seismic interpretation. Interpreting fault features is time consuming and may sometimes present a great deal of unease. For this reason, initiatives geared towards minimizing this intense human labor can be incredibly valuable.
The application of image processing techniques for fault enhancement has garnered much attention in the geophysics community. In 2003, AlBinHassan and Marfurt evaluated the Hough transform as a fault enhancement algorithm. Aare and Wallet (2011) and Dorn and Kadlec (2011) show considerable improvements on this approach that better define the continuity of larger faults. Donais et al. (2007) address a fault attribute based on a robust directional scheme. This technique is well-suited to differentiate faults from stratigraphic features and consists of performing an eigenstructure analysis of the gradient vector field covariance matrix along a segment. Their interpretation states that groups of disorder patches are more likely to represent faults while more isolated patches are more likely to represent stratigraphic features. Lavialle et al. (2007) introduce a nonlinear filtering technique based on the definition of a partial differential equation that denoises and preserves faults before automatic fault extraction. In his work, Barnes (2006) suggests using precomputed coherence data to define potential fault anomalies. He then defines a filter to pass near vertical planar coherence anomalies. These anomalies are further joined through dilation and sharpened by skeletonization to provide a fault overlay on the amplitude data volume.
In this paper, we build upon Barnes (2006) approach and then apply an edge enhancement technique used in the field of photography, by using the capabilities of the Laplacian of a Gaussian operator. Our method results in sharper and more focused fault images. The efficiency of our algorithm is tested on real seismic volumes from the Great South basin in New Zealand.
Theory and Methodology

Fault enhancement using eigenvector analysis
The preliminary framework of this research is based on Barnes' (2006) contribution to edge detection methods, where he constructed a covariance-like matrix using an edge attribute as an input:
where α m is the edge attribute (e.g. coherence data). The variables x im and x jm are the distances from the center of the analysis window along axis i and j of the m th data point respectively. In a three-dimensional setting the covariancelike matrix C has three eigenvalues, λ j , and eigenvectors, v j . By construction:
If λ 1 ≈ λ 2 >> λ 3, the edge attribute defines a plane that is approximately normal to the third eigenvector, v 3 . Since v 3 represents the direction of minimum variance, this will be the orientation of our LoG operator in order to highlight abrupt changes in the volume (e.g. faults). If λ 1 ≈ λ 2 ≈ λ 3 the coherence data exhibit no orientation, and represent either chaotic (λ 3 large) or homogeneous (λ 3 small) seismic facies.
Smoothing and edge enhancement using the Laplacian of a Gaussian operator
Laplacian operators are commonly used in sharpening photographic images (Millan and Valencia, 2005) .
Unfortunately, such sharpening can exacerbate short wavelength noise. In contrast, Gaussian operators smooth such images by filtering high frequencies beforehand.
The "Laplacian of a Gaussian" or LoG operator avoids some of the artifacts of the Laplacian operator itself by first smoothing high frequency artifacts prior to sharpening. We use the associative law when creating the operator, and find that:
Such a mathematical implementation helps to evade boundary condition issues that may emerge as a result of finite difference computations along the edges of the dissimilarity data. Therefore, the composite operator LoG will have the general form: 
Directional smoothing and sharpening
We will modify the LoG operator to be directional: smoothing along the planar discontinuity defined by the eigenvectors v 1 and v 2 . By defining the Gaussian to be elongated along the planar axes:
where Σ is defined as: 
and where x' indicates the coordinates of the voxels in the analysis window within the rotated coordinate system. In our original (unprimed system) the Gaussian then becomes:
where R is the rotation matrix that aligns the new x'-axis with v 3 given by: 
The second derivative of the Gaussian in the x 3 direction can be written as: 
where γ represents a normalization term.
Results
We test the efficacy of our proposed algorithm by applying it to a seismic volume from the Great South Basin (GSB) of New Zealand. An intercontinental rift, the Great South Basin lies off the southeast coast of the South Island of New Zealand. The basin formed during the mid-Cretaceous and is divided into several highly faulted sub-basins. Figure 1a and 1b show a time slice and an inline of a seismic volume from GSB. Figure 2a and 2b show the energy ratio similarity (coherence) across the GSB survey. Coherence anomalies present in the data indicate faults as well as random noise. Figure 3 shows the components of eigenvector v 3 corendered with the original coherence volume. The fault or unconformity dip-magnitude with respect to the reflector of any given planar event is defined by v 33 . We plot this attribute against saturation in an HLS display. The azimuth, ψ, of steeply dipping planar events (typically faults) is computed from
where axis 2 is north and is plotted against hue. Finally, the original coherence values are plotted against lightness such that low coherence events appear to be brighter on an otherwise dark background. Note the stratigraphic features have small dip magnitude and appear as gray images.
We now sharpen the image shown in Figure 2 through the application of the LoG operator along structural dip described in the methodology.
In Figure 4a and 4b the LoG filtered data sharpens the fault features and removes high frequency noise from the energy ratio similarity volume. This is apparent in the upper right portion of Figure 4a and lower portion surrounding a dominant fault running the width of the image. A square window of 50 m by 50 m by ±12 ms was used to calculate the LoG operator in this example. We readily see that the operator is removing a significant portion of the noise as can be seen in the lower part of Figure 4b .
We explore the dependency of the LoG filter on window orientation and size in Figures 5 and 6 . Since the operator is dependent on the distance-weight coherence matrix given by equation 1, the dimensions of the analysis window will affect the final output image of the volume. The first two eigenvectors define a plane that best represents the coherence anomalies within the analysis window. The addition of more anomalies in a given direction therefore biases our analysis. While circular and square windows provide excellent estimates of fault structure for surveys with square bin sizes, this survey has a bin size of 12.5 m by 25 m, thus bringing this problem into focus.
The images in Figure 5 are calculated using a 50 m by 75 m analysis window. Figure 6 shows images calculated with a 75 m by 50 m analysis window. Experiments were performed with several different window sizes and orientations. The size and orientations shown are the ones that best highlight the dissimilarity features.
Not surprisingly, a rectangular window better highlights features oriented parallel to its long axis. Examining the lower portion of Figure 5a and 6a, note the large fault running left to right appears clearly in Figure 5a but somewhat disappears in Figure 6a . We attribute this to the orientation of the analysis window. Additionally, we notice in Figure 6b that some of the features shown in the lower part are smoother than in Figure 5b . We infer this factor to be dependent upon the window size and orientation.
The LoG operator does a good job at enhancing fault images and removing background noise. However, it is also sensitive to the orientation of the analysis window within which it is calculated. Different window orientations will highlight different fault features. At this point we advise interpreters to test multiple window sizes and shapes on their data for the best result.
Conclusion and future work
Fault interpretation is a crucial but time consuming task for interpreters. In this paper we present the directional Laplacian of a Gaussian operator as a tool for fault imaging enhancement. This method uses a dissimilarity volume to characterize the fault plane followed by applying the directional LoG. The operator sharpens the faults perpendicular to its orientation and smoothes it parallel to its orientation. It also suppresses some of the background noise. The analysis of faults sampled by non-square bins such as this example require greater thought. While we have used mean Gaussian smoothing in this example, we feel that Gaussian-weighted median filters hold significant promise in suppressing outliers. We have shown the separation of stratigraphic from near vertical faults using color display in Figure 3 . The mathematical cross product with the reflector normal vector to the fault plane vector v 3 , provides a means to separate vertical fault anomalies from relatively horizontal stratigraphic features. The final result will isolate near vertical fault features such that an automated fault extraction algorithm can be implemented and facilitate this time consuming task even more.
